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Abstract
Background: In this paper we apply two novel quantitative trait linkage statistics based on the
posterior probability of linkage (PPL) to chromosome 4 from the GAW 14 COGA dataset. Our
approaches are advantageous since they use the full likelihood, use full phenotypic information, do
not assume normality at the population level or require population/sample parameter estimates;
and like other forms of the PPL, they are specifically tailored to accumulate linkage evidence, either
for or against linkage, across multiple sets of heterogeneous data.
Results: The first statistic uses all quantitative trait (QT) information from the pedigree (QT-
posterior probability of linkage, PPL); we applied the QT-PPL to the trait ecb21 (resting
electroencephalogram). The second statistic allows simultaneous incorporation of dichotomous
trait data into the QT analysis via a threshold model (QTT-PPL); we applied the QTT-PPL to
combined data on ecb21 and ALDX1. We obtained a QT-PPL of 96% at GABRB1 and a QT-PPL
of 18% at FABP2 while the QTT-PPL was 4% and 2% at the same two loci, respectively. By
comparison, the variance-components (VC) method, as implemented in SOLAR, yielded multipoint
VC LOD scores of 2.05 and 2.21 at GABRB1 and FABP2, respectively; no other VC LODs were
greater than 2.
Conclusion: The QTT-PPL was only 4% at GABARB1, which might suggest that the underlying
ecb21 gene does not also cause ALDX1, although features of the data complicate interpretation of
this result.
Background
We have developed two new methods for quantitative
trait (QT) linkage analysis based on the posterior proba-
bility of linkage (PPL) framework [1], which directly
measures the probability that a disease gene is linked to a
genetic marker or genomic location. The single-locus
quantitative trait likelihood as implemented in LIPED is
used for analysis, with the trait parameters (allele fre-
quency, genotypic means, and variances) integrated out.
This framework has several advantages over pair-wise
identity-by-descent (IBD) sharing-based methods: it is
based on the full likelihood, uses full phenotypic infor-
mation, is applicable to pedigrees of arbitrary size and
complexity, does not assume normality at the population
level or require population/sample parameter estimates;
and like other forms of the PPL, it is specifically tailored
to accumulate evidence, either for or against linkage,
across multiple sets of heterogeneous data. Evidence for
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linkage is measured on the probability scale (0, 1), and
the small prior probability of linkage (2%) is incorpo-
rated into the calculation.
These methods were applied to chromosome 4 of the Col-
laborative Study on the Genetics of Alcoholism (COGA)
data using the quantitative ecb21 phenotype, and the
dichotomous phenotype ALDX1. ecb21 was chosen
because it had yielded a variance components (VC) LOD
score of 5.01 near GABRB1 in an analysis using the full set
of COGA families [2].
Methods
Families and phenotypes
Analysis was performed on all 143 COGA families; aver-
age family size was 11.3 (range 5 to 32) and average gen-
erations was 2.8 (range 2 to 5). Two pedigrees contained
loops and are therefore complex. The two phenotypes
considered were resting electroencephalogram (EEG)
beta2 spectral/spatial component (ecb21) and the cate-
gorical diagnosis of alcoholism (ALDX1). ALDX1 con-
tained two additional categories beyond affected and
unaffected which were recoded to unknown for the pur-
pose of analysis. No other changes to phenotypes were
made.
Genetic data
Analysis was conducted on all chromosome 4 markers
provided by COGA. Allele frequencies were required all of
the analyses presented; we used the values provided with
the data, which were estimated by the maximum likeli-
hood method. Map positions were taken as given in the
associated map file.
Statistical analysis
VC analysis was conducted with SOLAR [3]. Analysis was
performed with the mean and variance fixed at the
founder mean and variance as an approximate multiplex
ascertainment correction. There was no transformation of
the data nor were any covariates included in the model in
order to closely resemble previous analysis of the ecb21
phenotype [2].
The PPL is defined as the integral over [0...1/2) of the pos-
terior density of the recombination fraction θ, computed
with the prior probability of linkage set to 2% [4], and a
continuous prior on θ over values < 0.50 [5]. The posterior
density of θ is calculated as the integral over the trait
parameter space of the heterogeneity LOD score [1,6].
Then the PPL is
where πL is the prior probability of linkage, G is the geno-
typic data, X is the trait data, g() is the prior distribution
function for the given parameter, and t is the vector ot trait
parameters (allele frequency, penetrances). We include α,
the admixture parameter in the QT-PPL to better approxi-
mate a multilocus likelihood from the single-locus likeli-
hood.
Here we have used LIPED [7] to compute the individual
LOD scores over a descretized grid of values for all constit-
uent parameters, using the program MLIP [8], which par-
allelizes coverage of the grid space, and was developed by
our group for this purpose. Categorical trait PPL analysis
was performed as previously described [9,10]. QT-PPL
analysis was conducted using the quantitative likelihood
implemented in LIPED, which is parameterized in terms
of allele frequency, three genotypic means, and three gen-
otypic variances; in our analyses we also allowed for
admixture [11]. For computational convenience we
restricted the three variances to be equal to one another,
which, in our experience developing this method, will not
greatly affect the final PPL value and improves computa-
tion time (data not shown). Because the QT-PPL (and its
derivative below) is based on the same likelihood formu-
lation as the categorical LOD score, it is expected to inherit
the same properties (e.g., robustness to modest parameter
misspecification, etc.) [12-16]. Results for all PPL analyses
in this paper are based on 2-point linkage analysis.
The threshold quantitative trait PPL (QTT-PPL) assumes
that all individuals who are affected (in this case, accord-
ing to the definition of ALDX1) are below some unknown
threshold for the underlying quantitative trait (in this
case, ecb21). For affected individuals, the cumulative t-
distribution (30 df) is used to generate the factors P(xi|gi)
required by the likelihood, where xi is ith person's pheno-
typic value and gi is their corresponding latent trait geno-
type. All other subjects are assigned their quantitative
(ecb21) trait values, with these same factors calculated
using the density f(x) = P(X = xi|µj, ), for the t-distribu-
tion as before, and where j indexes the specific trait geno-
typic distribution. Here we use the t-distribution instead
of the normal density for computational reasons involv-
ing the difficulty of estimating probabilities in the extreme
tails of the normal distribution. From our experiences in
developing this method, this substitution is not expected
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to have substantive effects on the reported results (data
not shown).
The QTT-PPL can be applied when a clinical diagnosis is
available for some subjects for whom quantitative meas-
ures are not available, yet a relationship between the affec-
tion status and the quantitative trait is postulated. But it
can also be used to investigate the underlying relationship
between the QT and the clinical phenotype by contrasting
results from categorical, QT, and QTT analyses because
the latter assumes both of the former are related by a com-
mon trait locus.
Results
Two regions are identified for possible follow-up genotyp-
ing. The QT-PPL was 96% and 18% at GABRB1 (51 cM)
and FABP2 (116 cM), respectively. Categorical PPL analy-
sis gave rise to lower PPLs, 26% and 2%, at these same
loci. Multipoint VC analysis in these regions yielded VC
LOD scores of 2.05 (2-point, 1.54) and 2.21 (2-point,
2.75). Figure 1 summarizes the results from VC, QT-PPL,
and categorical PPL analysis of the entire chromosome.
The QTT-PPL yielded a probability of only 4% at GABRB1,
far below the QT-PPL of 96%, and below the categorical
PPL of 26% at the same location. We note that interpret-
ing the relative magnitudes of the three different PPL sta-
tistics in comparison with one another is complicated by
features of the data. There were 149 persons who were cat-
egorized as affected, but did not have a corresponding QT
value. Further, there were 341 persons categorized as
unknown for the dichotomous trait who did have a corre-
sponding QT value. Hence, the difference in quantity and
pattern of available phenotypic information between the
categorical, QT, and QTT analyses was not trivial: the QT
analysis used 12% (n = 192) more phenotypic informa-
tion than the categorical analysis, while the QTT-PPL used
30% (n = 490) more phenotypic information. These large
changes in the number of phenotypes, as well as who in
the pedigree was phenotyped, might alone account for the
large difference in the threshold QT PPL compared with
the categorical and QT analyses. Alternatively, the low
QTT-PPL might be indicating a lack of an underlying bio-
logical relationship between ecb21 and alcoholism as
defined using ALDX1.
Conclusion
This paper indicates strong evidence for linkage of ecb21
to the GABRB1 region of chromosome 4. This result con-
firms a previous genome scan using this phenotype in an
extended set of the COGA families, which yielded a VC
LOD of 5.01 in this same region [2]. The current COGA
dataset differs from that of Porjesz et al. [2] in several key
ways, particularly, in the available genotyped markers and
in sample size. It therefore not surprising that our VC
analysis gave differing results from theirs, though there
was still some evidence for linkage in the present data
based on VC analysis.
However, there has been no equivalent indication of link-
age to GABRB1 with a categorical alcoholism phenotype
in the literature, while our results indicate a 26% of link-
age to alcoholism. When we applied a unified threshold
analysis of the categorical and QT phenotypes, implicitly
assuming a relationship mediated by the QT, the PPL was
only 4%, which is larger than the prior probability of 2%,
but not appreciably so. Because the threshold analysis
used the largest amount of phenotypic information of all
the PPL analyses, we may conclude that it represents a
solution closest to the correct assessment of the data;
either the relationship of ecb21 phenotype to alcoholism
is weak (perhaps non-existent) in this dataset or the rela-
tionship of ecb21 to alcoholism departs substantially
from the assumed model of the QTT-PPL. The former con-
clusion is supported by the lack of a categorical linkage of
GABRB1 to the alcoholism diagnosis in the literature.
While issues of scale preclude a direct comparison
between VC- and PPL-based methods, prima facie, it
appears that the QT-PPL provided more compelling evi-
dence for linkage than VC analysis of the GAW data.
Because all PPL values are on the probability scale (analo-
gous to the chance of rain in a weather forecast), a proba-
bility of 96% is a very strong indication that a gene for
ecb21 is near GABRB1 even after considering 3 separate
analyses of these same data. We are in the process of sys-
tematically examining the properties of the QT-PPL and
threshold QT-PPL under a variety of single- and multi-
locus QTL models, as well as implementing multipoint
Summary of PPL and VC analyses Figure 1
Summary of PPL and VC analyses. The LOD scale is on 
the left and the probability scale is on the right, however 
there is no direct way to equate values from the 2 scales. 
Note that PPL values are based on 2-point likelihoods. The 
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versions of both statistics. The result of such systematic
evaluations will aid in interpretation of the PPL compared
to other commonly used linkage methods.
Abbreviations
COGA: Collaborative Studies on the Genetics of Alcohol-
ism
EEG: Electroencephalogram
GAW: Genetic Analysis Workshop
IBD: Identity by descent
PPL: Posterior probability of linkage
QT: Quantitative trait
QT-PPL: Quantitative trait posterior probability of linkage




Both authors were fully involved in all aspects of this col-
laborative research endeavor. Both authors read and
approved the final manuscript.
Acknowledgements
We acknowledge the families who participated in The Collaborative Study 
on the Genetics of Alcoholism (COGA) and COGA for allowing us analyze 
to this data. We also gratefully acknowledge grant support for VJV from 
R01 MH052841. CWB is funded by T32 HL07638.
References
1. Vieland VJ: Bayesian linkage analysis, or: how I learned to stop
worrying and love the posterior probability of linkage.  Am J
Hum Genet 1998, 63:947-954.
2. Porjesz B, Almasy L, Edenberg HJ, Wang K, Chorlian DB, Foroud T,
Goate A, Rice JP, O'Connor SJ, Rohrbaugh J, Kuperman S, Bauer LO,
Crowe RR, Schuckit MA, Hesselbrock V, Conneally PM, Tischfield JA,
Li TK, Reich T, Begleiter H: Linkage disequilibrium between the
beta frequency of the human EEG and a GABAA receptor
gene locus.  Proc Natl Acad Sci USA 2002, 99:3729-3733.
3. Almasy L, Blangero J: Multipoint quantitative-trait linkage anal-
ysis in general pedigrees.  Am J Hum Genet 1998, 62:1198-1211.
4. Elston RC, Lange K: The prior probability of autosomal linkage.
Ann Hum Genet 1975, 38:341-350.
5. Vieland VJ, Wang K, Huang J: Power to detect linkage based on
multiple sets of data in the presence of locus heterogeneity:
comparative evaluation of model-based linkage methods for
affected sib pair data.  Hum Hered 2001, 51:199-208.
6. Logue MW, Vieland VJ: A new method for computing the
multipoint posterior probability of linkage.  Hum Hered 2004,
57:90-99.
7. Ott J: A computer program for linkage analysis of general
human pedigrees.  Am J Hum Genet 1976, 28:528-529.
8. Govil M, Segre AM, Logue MW, Vieland VJ: MLIP: parallel compu-
tation of LOD scores enabling full exploration of the trait-
parameter space [abstract].  Am J Hum Genet 2003, 73:615.
9. Bartlett CW, Flax JF, Logue MW, Vieland VJ, Bassett AS, Tallal P,
Brzustowicz LM: A major susceptibility locus for specific lan-
guage impairment is located on 13q21.  Am J Hum Genet 2002,
71:45-55.
10. Logue MW, Vieland VJ, Goedken RJ, Crowe RR: Bayesian analysis
of a previously published genome screen for panic disorder
reveals new and compelling evidence for linkage to chromo-
some 7.  Am J Med Genet 2003, 121B:95-99.
11. Smith CAB: Testing for heterogeneity of recombination frac-
tion values in human genetics.  Ann Hum Genet 1963, 27:175-182.
12. Vieland VJ, Hodge SE, Greenberg DA: Adequacy of single-locus
approximations for linkage analyses of oligogenic traits.
Genet Epidemiol 1992, 9:45-59.
13. Greenberg DA: Linkage analysis assuming a single-locus mode
of inheritance for traits determined by two loci: inferring
mode of inheritance and estimating penetrance.  Genet Epide-
miol 1990, 7:467-479.
14. Vieland VJ, Greenberg DA, Hodge SE: Adequacy of single-locus
approximations for linkage analyses of oligogenic traits:
extension to multigenerational pedigree structures.  Hum
Hered 1993, 43:329-336.
15. Greenberg DA, Abreu P, Hodge SE: The power to detect linkage
in complex disease by means of simple LOD-score analyses.
Am J Hum Genet 1998, 63:870-879.
16. Hodge SE, Vieland VJ, Greenberg DA: HLODs remain powerful
tools for detection of linkage in the presence of genetic het-
erogeneity.  Am J Hum Genet 2002, 70:556-559.